In product categories such as yogurt, cereal and candy, consumers are likely to be satiated after frequent consumption of the same brand, leading to variety-seeking and switching to other brands. Prior research has modeled satiation mostly using consumption and preference data, but most firms have access to only purchase data. Identifying satiation and estimating satiation effect using purchase data remain a significant challenge. We develop a Hidden Markov Model (HMM) based structural approach and identify and estimate satiation using scanner purchase data of yogurt brands. In this model, consumers temporarily stay in an unobserved satiation state.
Introduction
In many product categories such as yogurt, cereal and candy, consumers 1 experience satiation effects. Thus, observed brand-switching behavior may not be driven only by variation in brand characteristics or marketing mix, but by satiation after intensive consumption of a brand. A deep understanding of satiation effects and behavior is important for marketing researchers, practitioners, and public policy officials.
For researchers, identifying satiation and estimating satiation effects using purchase data are critical to understand consumer choice behavior. By estimating and quantifying the effect of satiation on consumer brand choice, practitioners can better target consumers and market new or substitute brands to those with a high probability of being satiated. For public policy officials, it is important to understand whether a new brand will bring additional welfare gains and whether these gains will come from new consumers who prefer the new brand or from the rest of the population who may just switch to a new brand because of satiation with the previous brand.
Empirical research on satiation and variety-seeking is mostly based on consumption and preference data. Research in variety-seeking modeling suggests that products may be decomposed into satiable attributes and that the accumulation of such attributes may lead to a high disutility for the currently owned brand and a switch to a new brand (McAlister 1982 , Lattin and McAlister 1985 , Feinberg, Kahn, and McAlister 1992 . In addition, satiable attributes allow for different levels of variety-seeking or reinforcement effects (Lattin 1987) . The identification of satiation effects in these models relies on high quality attribute level consumption data and 1 We use consumer(s) and household(s) interchangeably.
preference data that may not be readily available for many product categories. 2 Furthermore, these models ignore possible serial correlations among purchases that could lead to potentially incorrect inferences.
Identifying brand satiation and estimating satiation effects using purchase data remains a significant challenge for several reasons. First, satiation is an unobserved phenomenon;
consumers' experiences and consumption are difficult to track; and consumers may avoid satiation by changing consumption occasion, consumption time, or consumption order, making it challenging to detect satiation. Second, the existence of multiple serially correlated unobserved factors-especially inertia effects-may 'contaminate' datasets. For example, habitual decision making, rather than conscious decision making, leads to consumers' 'structural state dependence' (Seetharaman 2004, Dubé, Hitsch, and Rossi 2010 )-even when consumers are relatively experienced or aware of multiple choice alternatives. 3 Third, consumers are heterogeneous across time. Without appropriate assumptions of the satiation process, product switches may be falsely captured by cross-sectional random effects.
We empirically investigate satiation using purchase data and address the above challenges by allowing unobserved state transitions in conventional choice models. In our dataset, a significant number of consumers exhibit strong back-and-forth switching patterns among different brands. If the frequent switching patterns cannot be well explained by variations in product characteristics and marketing mix ("unexplained" switch), we may infer possible brand satiation. 4 A quasi-experiment, comparing consumers' switching behavior after an "unexplained" switch with that after an "explained" switch confirms the existence of a satiation state. Based on the above findings, we construct a Hidden Markov Model (HMM), allowing consumers to switch to brandspecific unobserved satiation states. The estimation results show that the model detects structural changes leading to significantly lower brand preference and more frequent switches. In addition, the model results also reveal different satiation probabilities over different brands.
Relevant Literature
Consumers care not only about the flavor, ingredients, or other attributes of a brand, but also about the entire brand experience that may lead to satiation. Therefore, brand satiation is important to study. While theoretical and experimental studies provide evidence for satiation and variety-seeking behavior, empirical studies using consumer purchase data find strong inertial effects (e.g., Chintagunta 1999) . Most previous studies explain consumer brand switching as the result of variation in observable brand characteristics, marketing mix, or idiosyncratic shocks. A popular specification of brand switching models assumes linear utilities, allowing some measures of state dependence (e.g., lagged choices) to additively enter the utility function to capture inertial effects (Keane 1997 , Allenby and Rossi 1998 , Chandukala et al. 2008 , Dubé, Hitsch and Rossi 2010 . Although these specifications are relatively easy to implement, they are restrictive and hard to interpret in different applications. For example, the number of previous periods to be included in such models is an arbitrary decision and negative state dependence coefficients obtained from such models are hard to interpret. Consumers' past behavior may have differing effects on current period purchase and a linear model may not be able to capture both the positive state dependence effect and the negative satiation effect.
A limited number of studies try to model satiation effects or consumer brand switching behavior using nonlinear effects. Baucells and Sarin (2010) introduce an analytic model to address the trade-off between variety-seeking and habitual behavior. Using experimental data, Hasegawa, Terui, and Allenby (2012) estimate a dynamic model where the satiation parameter is a flexible function of time. By estimating individual level parameters using Bayesian methods, the model provides information on consumers' satiation status. Yet, these studies do not offer an empirical solution to purchase data: in the real market environment, additional identification assumptions are needed for a deeper analysis that avoids different sources of serial correlation. Bawa (1990) investigates possible nonlinearity in brand choice by estimating each household's choice sequences; however, consumer cross-sectional heterogeneity may confound the estimation of satiation behavior in his data. In addition, his model makes a strict assumption on how satiation is built based on consecutive purchases. Learning models (Erdem and Keane 1996 , Ackerberg 2003 , Crawford and Shum 2005 , Erdem, Keane, and Sun 2008 suggest that frequent switches across brands may be due to brand trials at the beginning of shopping trips. However, when consumers gain enough experience, their brand choice will "converge" to their favorite brand. These models may not adequately explain the switching pattern among already experienced brands.
A few studies focus directly on forward-looking inter-temporal variety-seeking behavior (e.g., Hartmann 2006) . Consumers may switch to a new brand or stop purchasing a brand since the decision to stay with the chosen brand may lead to future disutility. The model in these studies comprises longer lags of previous brand choices additively entering the utility function. Ribeiro (2010) extends this model to a differentiated market with multiple brands. However, Ribeiro's (2010) model makes important assumptions about the outside good and about how consumers' current decisions will affect future decisions. Another loosely related literature comprises structural models proposed by Kim et al. (2002) and Bhat (2005) , which use a direct utility approach to model within-period satiation effects. Kim et al. (2002) discuss flavor choices rather than brand switches within a period.
Our study focuses on identifying inter-temporal satiation effects. Table 1 shows the utility specifications for selected relevant studies and how our study compares with those studies. While no study has demonstrated clear empirical evidence of inter-temporal brand satiation using a purchase data set, we perform a difference-in-difference graphic test and utilize the phenomenon of "unexplained" switches in our data set to identify brand satiation. Unlike Bawa (1990) , which does not capture inter-temporal effect, we show asymmetric inter-temporal effects and a slowerthan-instant recovery rate after an "unexplained" switch. We extend Bawa's model by controlling for heterogeneity and compare the modified model with a model containing a oneperiod lag state dependence control. Unlike Bawa (1990) , we conjecture that brand satiation leads to structural breaks and propose a Hidden Markov Model (HMM), which captures the idea that consumers may stay in an unobserved low state for a while after satiation. Compared with Bawa (1990) and earlier models, our model fits considerably better and reveals additional information on consumers' unobserved satiation states. Bayesian approach to study state dependence effects. They allow the coefficients to be normally distributed and to vary with consumer-specific characteristics and category-dependent variables. Dubé, Hitsch, and Rossi (2010) use a finite mixture of normal distributions to capture crosssectional (non-normal) heterogeneity and obtain similar state dependence results. State dependence effects remain positive within the range of observed periods for these studies. We control for cross-sectional heterogeneity using a simulated likelihood method to calculate both the means and the standard deviations of the preference parameters, which are assumed to be normally distributed.
<

Data
We select yogurt as the category for empirical analysis because yogurt is a perishable good with a short shelf-life and expiration date and yogurts are sold in small packages of one, two or four units. Moreover, consumers are likely to purchase yogurt frequently as they make weekly purchases (Ackerberg 2001 The brand price index we use in the analysis is the store level weekly average price per six liquid ounces of all major products under that brand. Because the IRI dataset provides us with transaction-based price information each week, we can also use it as a measure of the choice availability; we allow the choice sets to vary across different stores and weeks based on the availability of price information. In addition, the IRI data also contain information on private label brands. 5 The 10 brands are COLOMBO, BREYERS, DANNON, KEMPS, OLD HOME, STONYFIELD FARM, WELLS DAIRY, YOFARM and YOPLAIT. In the IRI dataset, the firm level corresponds to category "L4." Different brands can belong to the same corporate group ("L3"). For example, DANNON and STONYFIELD FARM are owned by GROUPE DANONE. Each brand also contains different sub-brands ("L5"). 6 When a consumer chooses multiple brands in a shopping trip, we use the most frequently chosen brand as the focal brand. In case of a tie, we randomly choose one of the brands available on the shopping trip. Less than 5% of the purchases exhibit ties.
The summary statistics for our sample appear in Table 2 . Among the ten brands, DANNON, STONYFIELD FARM, YOFARM and YOPLAIT may be viewed as "premier brands" with average price indexes higher than 0.6, while KEMPS and PRIVATE brands have the lowest prices. We measure a brand's display by the average share of the weeks with any of the brand's products on display. We measure a brand's feature advertising by the average shares of the weeks with coupons or feature advertisement of any product within that brand. KEMPS, WELLS BLUE BUNNY, and OLD HOME exhibit the highest levels of display or feature in the data.
< Table 2 about here > indicating a stronger brand loyalty; while it has higher-than-average unexplained switches.
< Table 3 One possible explanation for such "unexplained" switches is satiation effect. In an analysis of household scanner panel data, Bawa (1990) documented "hybrid" consumers, who are affected by both positive state dependence and satiation effects. In our dataset, we can examine these effects by investigating individual hazard rate changes. Table 4 shows that 66% of the consumers have non-monotonic hazard rates for shopping runs less than 4; and 10% of the consumers have increasing hazards with high switches per choice.
< Table 4 about here >
To examine how the unexplained switches may capture brand satiation, we compare brand choices before and after an "unexplained" switch with those before and after an "explained" switch. We plot in Figure 2 the factional polynomial fitting curves of the choice probabilities of two global brands (Yoplait and Dannon) 10 weeks before and after the treatments or unexplained switches. Week 0 corresponds to the week of consumer's shopping trip next to the unexplained switch week. Note that the original choice probability in Week -10 is significantly higher in the treatment group than that in the control group (p < 0.001) for Yoplait (47% versus 43%) and Dannon (33% versus 28%), favoring a satiation argument. Both the brands show significant decreasing trends toward the unexplained switch treatment; the fitted curve of Yoplait remains flat for the initial two weeks after the treatment; while the fitted curves of Dannon show a more decreasing trend for the same period. Aggregate choice probabilities with "explained" switches provide a test for satiation effect. The unexplained switch treatment leads to an asymmetric recovery, but we do not observe such an asymmetry in the explained switch treatments. For
Yoplait brand products, the aggregate choice probabilities start to recover before explained switch treatments and pick up fast to reach their original levels. For Dannon brand products, the corresponding probabilities do not vary significantly before and after the explained treatment; the unexplained switch scenarios also reveal a slow and delayed recovery.
< Figure 1 . Switching Frequency by Consumer: Eau Claire and Pittsfield here > On the one hand, such a pattern cannot be picked up by Bawa (1990) 's model. In Bawa (1990) , the recovery of satiation is instantaneous 8 , and the satiation process is modeled as an opposite yet symmetric effect, which is "triggered" at the peak of a nonlinear (quadratic in consecutive purchases) utility function. The model may underestimate the effect of satiation (with an upward biased satiation threshold); moreover, the satiation threshold may be changing over time, depending on consumers' outside activities and consumption shocks. Thus, a point estimate of the threshold may exhibit false precision.
On the other hand, if the brand switching cost is significant, a consumer may overstay with the original brand until her disutility passes a threshold and the cumulated disutility may prevent consumers from restoring their original preference, resulting in a longer period of satiation effects. This hypothesis indicates that satiation, unlike habit, is more likely to affect consumers' utilities discontinuously, leading to a structural break.
The downward trending choice probabilities in Figure 2 before the treatments may suggest that the satiation process happens before an unexplained switch. We provide another comparison of the number of brands chosen before and after the potential "treatments." Figure 3 demonstrates the differences between the two major brands in the markets. Notice that we include switches (unexplained or explained) in the "before" category, so it is expected that the number of brand choices before should be more than the number of brand choices after by construction. However, in the unexplained condition groups, we can see that brand choices are higher. Overall, the variety levels of brand choices in unexplained switch conditions are significantly higher (p < 0.001) than their counterparts. Although "unexplained switches" do not tell us when a satiation process starts, we see strong evidence that they are associated with brand satiation.
< Figure 1 . Switching Frequency by Consumer: Eau Claire and Pittsfield here >
In the next section, we first describe conventional approaches used to capture state dependence and satiation; then we investigate the phenomenon using structural modeling approach. If our structural break hypothesis of satiation is true, a Hidden Markov Model may flexibly capture the cross-time preference change, especially when satiation thresholds vary over time and are hard to capture. We introduce the HMM to capture any potential structural break due to satiation.
Model Development and Estimation
Standard Mixed Logit as a Benchmark Model
Conventional approaches considering state dependence effects typically assume that previous purchases directly affect choice utility. These model specifications involve versions of mixed logit with lagged choice-specific variables. For example, in a common utility setting, consumer h's utility for brand k at week t ukht can be written as:
where Qhk is the base utility of consumer h for brand k, Pricekt is the price of brand k at time t, f(y hkt−1 ) represents the previous state, γ h can flexibly capture the effects of state dependence.
For example, in a common setting, f(y hkt−1 ) = ( ℎ −1 = 1); alternatively, it can consist of the discounted sum of all previous choices. Xkt is the set of marketing covariates of brand k at time t, εhkt is an error term, α, β, and γ are parameters. Bawa (1990) points out a nonlinear pattern for state dependence effect. A modified version of Bawa's model for utility uhkt of consumer h consuming brand k at time t with controls for crosssectional heterogeneity and covariates can be written as:
where B hkt represents the cumulative consumption of consumer h of brand k and the other terms are as defined earlier. A significantly negative γ 2h indicates the presence of a "hybrid" behavior, possibly caused by the coexistence of inertia and satiation effects. Moreover, a satiation threshold can be estimated using the estimated peak of the functional form in B.
Even Bawa's (1990) specification with the addition of controls for heterogeneity and covariates cannot capture the phenomena that households may remain satiated for a while and switch more frequently during that period. To capture unobserved satiation states, we test an HMM, where we model brand choices as emission probabilities with consumers falling into unobserved states of satiation from time to time.
Markov Chain Transition Matrix
We assume that consumers may switch from a normal state to a satiation state for different brands or switch back. This gives us a sparse transition matrix in Table 5 , where the row elements represent the probability of switching from the row state to the column state, P ij = ( = | −1 = ), and elements in each row add to one, ∑ j = 1. There are a total of 12 states, corresponding to one normal state and 11 brand-dependent states. Consumers may be satiated with any of the brands. In our setting, consumers do not switch directly from one satiation state to another; instead, they only switch between the normal state and each brand-dependent state. This setting greatly reduces the number of parameters and also reflects the idea that the satiation process is most likely to be determined by consumers' top brand choices.
< Table 5 about here >
We model the non-zero transition probabilities using logit probabilities. The propensity of switches between the states depends on the parameter c state,state :
, ∀ j ∈ {N, S1, … , S10}
(4)
where parameters involve constant terms C = {c NN , c N1 , … , c N9 , c 1 , … , c 10 } which capture the average state transition probability.
State-dependent Choice Distribution
To capture preference changes in different states, we assume that each consumer h in period t has the following utility specification for choice alternative k:
where {Q hk } k=1 is the state-specific intrinsic utility (unobserved fixed effect) of brand k. In the normal state, consumers have intrinsic utility {Q hk N } k=1 K , while in each brand-dependent state j, consumers have a different intrinsic utility Q hj for the brand j. If brand satiation causes a consumer to switch away from brand j, we expect the intrinsic utility Q hj to be significantly lower. This setting gives us a total of K+J state related parameters, where K is the total number of choices and J is the total number of states specified. X kt captures marketing covariates, including supermarket displays and advertisements. u h0k represents the outside choice. Under the standard extreme value distribution assumption on the error term ϵ hkt , the conditional choice probability of a consumer h choosing brand k in period t can be written as:
To flexibly control for heterogeneity, we further assume that each of the coefficients ℎ , , {Q hk } =1 is normally distributed. Thus, the aggregate state-dependent choice probability can be written as:
Estimation and Parameter Choices
Combining Equations (1)- (9) and given proper initialization, the likelihood function for each consumer can be defined as:
where ℱ ht−1 represents the information for consumer h, at period t − 1. Since the state variable is not observed, we proceed by applying a nonlinear recursive filter. Given filtering probability P(state ht−1 |ℱ ht−1 ), we calculate:
P(state ht = j|ℱ ht−1 ) = ∑ P(state ht = j|state ht−1 = i)P(state ht−1 = i|ℱ ht−1 )
Once Y ht is observed, the filtering probability is updated using the Bayes' formula: 
By iterating between the above two equations, filtered probability and the simulated likelihood for each consumer can be readily calculated, which can be written as:
In practice, we reduce the parameters to be estimated from the transition matrix by focusing on the two brands with the highest market shares, Yoplait and Dannon. For the remaining brands, we estimate a common switching probability. Therefore, the parameters to be estimated in the transition matrix become P NN , P NY , , , , , where "N" stands for the normal state;
"Y" and "D" stands for the satiation (state dependence) state for Yoplait and Dannon; "O" represents other brands (see Table 6 ).
< Table 6 (   Table 13, Table 14, and Table 15 ). For all our estimations, we use 500 independent draws for each consumer and each random coefficient. We report the means and the relevant standard deviations of the coefficients in the next section.
Results and Discussion
We first present the estimation results of the linear model in The parameters γ and γ 2 capture consumer inertial effects. For example, in Column Model 2b, the parameter  implies that if an average consumer purchased a brand only in the last period, her utility will increase by 0.28 points on average. Equivalently, this consumer is indifferent to a 4.4 cent price increase in the next period if she has purchased the item only in the last period. This inertial effect will increase over time as she continues choosing the brand before reaching a "threshold." Around the threshold (five consecutive purchases of a brand), her utility of the brand will have increased by 12.8 cents on average and will then slowly drop thereafter.
Compared with Models 1a and 1b, the mixed logit versions of Bawa (1990) suggest that major consumers in the sample are consistent with the hybrid type who are subjected to inertial effects first and then satiation effect after certain consecutive consumption level. The additional coefficients estimated provide useful information on each consumer's "satiation threshold," or the number of consecutive periods that each consumer would go through before a drop in the brand-specific utility.
According to the estimates in Model 2b, the average satiation threshold is about five consecutive purchases with values ranging from two to positive infinity. Therefore, the modified Bawa model captures within household heterogeneity by adding the quadratic term. However, although the quadratic mixed logit model provides information on the satiation thresholds, it rarely improves the model fit. An average consumer is not likely to trigger satiation often since the dataset (less than 5% of the sample) has only a few consecutive runs longer than five.
Model 2 defines satiation as a phenomenon after consecutive purchases with brand utility renewing instantly after a brand switch. However, our empirical evidence suggests that consumers stay in the satiation state for a longer time, leading to potentially more frequent switches. Using only pervious consecutive purchases is not sufficient to separate potentially unobserved inertial and satiation states. The consumer behavior literature also views the recovery of satiation as a nontrivial question (Hetherington et al. 2006 , Galak et al. 2009 ). Therefore, using the HMM, we are able to relax the instant recovery assumption and allow consumers to stay in unobserved states for a longer period of time. Compared with a satiation threshold argument, the HMM provides a more realistic way to capture the satiation phenomenon as the results show that the threshold values estimated in the previous models are too high and very few consumers have chances of triggering them.
< Table 12 about here > Our model may be used for specific subsamples with slight modifications in the transition matrix. For example, if a researcher is interested in the satiation of certain brands, she may narrow her sample to only consumers with frequent consumption of those brands. In such cases, the transition matrix can be further simplified with a more homogenous consumer pool. In the Appendix, we consider a subsample of purchasers with frequent records on Yoplait and Dannon products (See Appendix (product satiation). This is equivalent to testing in this smaller sample if consumers in the satiation states generally have a lower probability of purchase. Our estimation shows that in such a sample of 96 households, an additional parameter for the outside good in the satiation state is not significant (p > 0.10). Therefore, these consumers did not significantly lower the purchase rates of their current brand during the satiation period consistent with a brand satiation story.
Conclusion, Implications, Limitations, and Extensions
Conclusion
In this paper, we addressed the challenge of identifying and estimating satiation using only purchase data. We examined consumer switching patterns for a non-durable experience good using a structural HMM model estimated using scanner purchase data. Although there is significant inertial brand choice in the data, our HMM model results showed that consumers are likely to be satiated under intense consumption and that consumers transition between inertial and satiation states rather than follow a satiation threshold. The satiation effects we identified are robust after controlling for cross-sectional heterogeneity and marketing covariates.
We significantly extend Bawa (1990) 's work that relies on consecutive purchases and instant recovery by showing that satiation can be a broader phenomenon, identified by "unexplained switches" and frequent switch-backs. After an "unexplained switch," consumers' choice probabilities do not pick up instantly compared with choice probabilities after an "explained switch." Our structural HMM results show that satiation effects are asymmetric for different brands.
The evidence suggests that an estimate of satiation threshold relying on consecutive purchases may lead to false precision. This concern can be aggravated when consumers have persistent shopping choices for unknown reasons since the likelihood function will be penalized for every incremental consecutive purchase. The HMM does not enforce consecutive purchases, allowing flexible ways of accumulating consumption. The model exhibits a significantly superior fit than benchmark models with only a reasonable increment in the number of parameters.
Instead of reporting a threshold, the HMM shows consumers' switching characteristics among different unobserved states as well as the probability of staying in each satiation state for each brand. We found that consumers are significantly less likely to remain satiated with Yoplait, compared with Dannon. The heterogeneity across brands suggests that consumers' preference of brands can lead to differential satiation processes. In the yogurt market, the mean brand preferences do not significantly differ between Yoplait and Dannon in the normal states, yet preference for Dannon deteriorates more steeply than that for Yoplait in the satiation state.
Consumers' perceptions of a brand's health benefits may affect or overcome the satiation process. This explanation can be compelling especially for an experience food category such as yogurt because the quality of food may not be simply revealed by repetitive consumption.
Satiation can be mitigated if a consumer believes in the products' function over experience.
Implications
In terms of product targeting, managers could use more customized marketing campaigns depending on the specific category or market under investigation. An important takeaway is that brand satiation is a significant behavioral effect that has been overlooked in previous empirical research due to the domination of positive state dependence. Firms should reconsider their individual marketing strategies and alter them after identifying and estimating satiation effects.
Our model offers a new way to leverage purchase history in modeling consumer choice and making brand promotion decisions. Compared with existing models, our model provides a relatively simple way to utilize less detailed purchase data. Using our model, managers can anticipate which consumers might be satiated when and plan their promotions accordingly.
Managers could also use our model to better predict consumers' unexplained switching behavior than other models. Most structural models explain switching behavior using independent random errors, while our satiation model reveals the hidden state in which a consumer may be and the probability to transition to another state, helping to better predict her switch to alternative brands. This information may be used to improve direct marketing practices. If firms can better target satiated consumers, they can satisfy consumers by offering a greater choice of brands or sub-brands. Armed with the additional information on consumers' satiation, firms can adjust promotions and direct marketing strategies suitably.
Our model reveals the true effects of state dependence and satiation. Using the estimates of these effects, managers can better decide the maximum limit of price increase acceptable to their customers. For example, in our data, an average consumer may tolerate a price increase of 3.6 cents on the brand she owns before switching to a new brand.
From consumer and welfare standpoints, our structural HMM model of satiation and its results suggest that more choice options are preferable in categories where consumers experience satiation. The availability of multiple brands in a category allows for increased consumer utility even as consumers become satiated with the brands they use. Aggregating the increased utility across consumers, we can derive enhanced consumer welfare. Thus, identifying and estimating consumer satiation may explain the continued expansion of many product categories with an increasing array of brand choices and options.
Limitations and Extensions
Our study has limitations that could lead to more promising research in the future. First, the datasets offer limited information on firms' marketing strategies and consumers behavior. For example, in the IRI dataset, we have limited weekly store-level product information, necessitating assumptions of consumers' observed choice set and characteristics. If more details are available, we could also examine the effects of satiation on consumer responsiveness to marketing strategies. Second, although we focus on demand side estimation, supply side issues related to satiation behavior are also interesting to study. While these issues are beyond the scope of this paper, they could be addressed by future studies. Third the study may be extended to other categories or markets where satiation is prevalent. 
Utility allows discounted satiation over product j and over characteristics k of j. The satiation function depends on the last shopping occasion. Consumer's total incremental utility is defined by cumulative consumption, adjusted by habit level. γ captures the satiation effect and α is the habit formation parameter. A "Brand switch" is defined as the number of times consumers switch away from a brand chosen on the previous purchase occasion. 3. An "unexplained" switch means that both brands are available in the store for consecutive periods and that the brand switch is not due to any of the following reasons: discount by the new chosen brand; relative price increase of the original brand. Notes: Figure 2A shows the fitted choice probabilities as well as 95% confidence intervals 10 weeks before and after "unexplained switches" from Yoplait or Dannon. Figure 2B shows such probabilities and confidence intervals before and after "explained switches" (by feature ads and price variations). Week 0 in both the figures corresponds to the week after the unexplained switch week. Figure A is associated with higher initial choice probabilities and asymmetric recovery.
Figure 3. Brand Choices around Different Switches
Notes: The above bar graph shows the number of brands chosen 10 weeks before and after unexplained and explained switches. The brands switched to are counted in the "before" category. The variety levels of brand choices in unexplained switch conditions are significantly higher, compared with those in explained switch conditions. The variety levels of brand choices decline significantly in explained switch conditions, but not in unexplained switch conditions.
Appendix
Part A. Estimation Results among Yoplait and Dannon Purchasers
Estimation results for a subsample of consumers who frequently purchase Yoplait and Dannon products appear Table 13, Table 14 , and 
Part B. ERIM Data Evidence
The evidence of unexplained switches can also be demonstrated using the ERIM dataset. The ERIM dataset sample for Sioux Falls, South Dakota consists of 461 consumers' purchasing histories (All consumers have more than 20 shopping trips). In all, the yogurt markets in the ERIM dataset contain 21 brands and over 400 sub-brands. Seven major brands 10 in Sioux Falls constitute 97% of the market. We define a composite good as one consisting of all the remaining yogurt brands. The data support our assumption that consumers often choose a single brand. Looking at consumers' brand choices during each shopping trip in the ERIM datasets, we see that out of 20,881 choice occasions, only 1,620 (7.8%) involve multiple brands.
We calculate the price index using real transaction data. When there is no price information, we approximate the price index using the product in the closest store and the closest week.
11 We factor store coupons in price calculation. Table A4 provides the summary statistics for brand price index with coupon information. From the table, the national brands, including YOPLAIT, WEIGHT WATCHER and DANNON, have relatively higher prices and larger standard deviations than the other brands. We also notice that about 14%, 10%, and 8% of the shopping trips involving, YOPLAIT, WW and DN, respectively involved manufacturer coupons and 7% NORDICA purchases involved store coupons. We do not have information on the coupon usage for the other brands. Table A5 offers a summary of the switching behavior in the datasets. For example, from the Sioux Falls dataset, 8,785 out of 20,881 total shopping trips involve the purchase of a brand that is not repeated in the next purchase occasion. Yoplait and Weight Watchers have the lowest switching rates, indicating the highest levels of loyalty, while local brands exhibit higher switching rates. To further investigate the source of these switches, we consider changes in relative prices and other marketing mix variables. We define relative price of a brand as the price of that brand divided by the average price of the rest of the brands during the same period. If the brand choice in period t is different from that in period (t + 1), but the relative price of the brand chosen in period t is not increasing and if the relative price of the brand chosen in period (t + 1) is not decreasing, the switch cannot be explained by price. Similarly, if a brand switch between periods t and (t + 1) is not due to a coupon for the target brand in period (t+1) or a coupon for the original brand in period t, the switch cannot be explained by coupons. The sample suggests that even after accounting for relative price changes and other marketing mix variable changes, about 10% of the switches remain unexplained. Although we observe several extremely persistent consumers, the switching behavior is not rare across most consumers. For each consumer, the average number of shopping trips is approximately 45 and the average number of switches is roughly 19. Figure A1 shows the histogram plots of switches at the individual level. Given that other product characteristics are relatively stable, this evidence favors a taste variation explanation. Moreover, the national brands Yoplait, Weight Watcher and Dannon, have larger market shares and lower switching rates, supporting the brand loyalty explanation. However, these brands have a higher percentage of unexplained switches than other brands. To further rule out brand switches due to periodic product availability, we also search for unexplained switches only among products that are recorded in the dataset during all the weeks. The results in Table A6 show that there are still significant numbers of unexplained switches. 
